Introduction

44
Tree mortality due to drought is increasing worldwide (Allen et al., 2010) , ranging from 
Methods
143
To obtain estimates of tree canopy loss across an area > 30,000 km 2 in central Texas, we Landsat and MODIS imagery. Pixels of (e) non-forest, no-change, or burned area were removed 159 from the study area. Finally these models were used to predict (f) regional coarse-scale within +/-6-m to true ground, and tiled using 3.75' x 3.75' quarter quads. Thirteen quarter quads
170
were randomly chosen as training/testing data for this study. Only quarter quads with cloud-free 171 images were included. To match images with field data for validation, four additional quarter 172 quads were selected over areas with access in the field, which is restricted across the study area.
173
Two of these four quarter quads were used exclusively for field validation, because they fell 174 outside of the Landsat scene, but still within the natural systems that were the focus of this study:
175
the Edwards plateau and the Llano uplift ( Fig. 1 ).
176
The 17 quarter quad NAIP image pairs, one from pre-drought (2010) and one from post- processing of these classifications included grouping these sub-classes into three main classes:
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(1) live canopy (e.g., live trees, shrubs, barely alive/thinned canopies); (2) canopy loss (e.g.,
187
originally live canopy in 2010 and then dead canopy in 2012) and (3) non-tree cover (e.g.,
188
agriculture, shadows, water, urban, pasture, bare soil). Isolated groups of three pixels were 189 removed and re-classified using a 3 by 3 majority filter. were considered no change.
265
Typically, Landtrendr is parameterized to achieve a balance of false positives (no-change 266 pixels that were considered change), and false negatives (change pixels that were considered no-267 change); however, we evaluated several different parameter values and selected the final 268 parameterization that strongly minimized false negatives at the expense of also selecting for 269 more false positives. We did this to ensure that pixels containing canopy loss were not removed 270 as no-change, because drought-induced tree mortality can cause subtle changes in canopy cover.
271
Furthermore, both the zero inflated modeling approach using RF (Savage et al., 2015) and ZOIB
272
regression models are capable of handling some zero-inflation, and thus these false positives
273
were filtered out in subsequent steps. 
Creating coarse-scale canopy loss maps: variable selection and modeling
289
To predict canopy dynamics across a broad area based on the fine-scale maps, we tested is from only a spatial subset, and yet used to validate the predictive power of the model across an 295 entire region. We explored using spatially independent testing data, which proved to be a more approximately 2.4% of our study area. We then used the final models to create post-drought 300 continuous (1) canopy loss and (2) live canopy maps across the entire >30,000 km 2 study area. been used to estimate percent urban land cover (Walton, 2008) or forest cover (González-
Identifying explanatory variables: vegetation indices and auxiliary variables
368
Roglich, 2016) within a pixel but only for single date images.
369
To model canopy loss, we used a two-step modeling approach to better account for zero- important by the RF model.
383
The second model tested was a ZOIB regression, which is a mixture of two models: a 384 beta distribution, which models the continuous proportions (0,1) and a degenerate distribution,
385
which models the discrete probability mass at zero or one (Ospina & Ferrari, 2010 ( (e.g. the proportion of canopy loss within a pixel). We selected a probability of 1/3, because 411 it led to the most accurate prediction of zeros in our training dataset.
412
For variable selection with the ZOIB regression model, a jackknifing approach was used,
413
where (1) each explanatory variable was run in a separate model (e.g. covariate equal to one) and
414
(2) the full model was run without that explanatory variable (e.g. total covariates minus one).
415
These two metrics allow one to compare variable importance and variable redundancy,
416
respectively. Variables were then ordered based on their AIC, Akaike information criterion.
Accuracy assessments of coarse-scale canopy loss maps
421
Model accuracy of the coarse-scale canopy loss maps was computed using two 422 independent testing approaches. 
Results
434
Accuracy assessments of the fine-scale canopy loss maps
435
Classifications of NAIP orthophotos were highly correlated with our ground transects for 436 both canopy loss (R 2 = 0.90, RMSE = 5.4%) and post-drought live canopy cover (R 2 = 0.87, 437 RMSE = 11%), (Fig 3) . As such, these 1-m fine-scale canopy loss maps and live canopy cover 
Comparison of accuracy amongst models
446
The vegetation indices most significant in each model were dependent on the response 447 variables canopy loss and post-drought live canopy (Table 3 ). In general, for predicting canopy 448 loss for either model, DVI and the tasseled cap bands were highly significant. For predicting 449 post-drought live canopy NDVI, NBR, and the tasseled cap bands were most significant. The base model, which included only Landsat vegetation indices, was then compared to 457 independent models, each containing one of the six sets of auxiliary variables (Table 4) , for both 458 RF and ZOIB. Error rates using the spatially proximate testing dataset were always lower 459 compared to error rates of the spatially independent testing dataset for both RF and ZOIB.
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Furthermore, the percent difference between the spatially proximate and spatially independent 461 MAE rates in predicting canopy loss were much higher for RF (45%) compared to ZOIB (14%).
462
For predicting canopy loss, when using spatially proximate testing data, RF has the higher 27 of 41 Final models were selected using only those explanatory variables that decreased either 489 the MAE or RMSE, according to the spatially independent testing dataset (Table 5) . Although 490 including latitude and longitude decreased MAE for live canopy, the ranges of these variables in 491 the training dataset were not adequately represented across the entire study area (Table 2) Table 5 505 Spatially independent error rates for final canopy models comparing RF and ZOIB We also examined the distribution of post-drought live canopy and canopy loss across a 510 canopy density gradient (pre-drought), using data from the spatially independent testing dataset.
511
Areas with either sparse canopy or closed canopy had less canopy loss compared to intermediate-
512
cover areas (Fig. 4) . 
Canopy loss estimated across the study area
520
The ZOIB regression model was used to predict post-drought live canopy cover and 521 canopy loss using all 15 orthophotos as training data (Fig. 5) . We observed an average of 4.7%
522
canopy cover loss across all forested pixels, which is equivalent to 1,124 km 2 of canopy loss in 
Discussion
532
We developed an approach capable of mapping drought-induced canopy loss at a regional region is predominantly occurring in areas with medium levels of canopy cover.
592
In the orthophoto classifications, the fine-scale 1-m spatial resolution allowed for the 593 delineation of thinning/barely alive canopy and actual canopy loss. However, in scaling up to 594 Landsat, perhaps some of the canopy loss, which we assume is due to mortality of trees, may in 595 fact be due to canopy thinning. This could account for some of the error observed between the 596 coarse-scale canopy loss maps created using Landsat and the fine-scale canopy loss maps created 597 using the orthophotos.
598
To avoid quantifying canopy loss due to fire, we removed all areas that were burned; 599 however, other disturbances, particularly due to insects and pathogens, could have also 
